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
Abstract 20
If a browse damage index indicates that a tree has been 50% browsed by herbivores, does this 21
mean half the leaves are entirely eaten or are all the leaves half eaten? Were the affected leaves 22
old or young? Large or small? In sunshine or shade? Understanding what effect browsing will have 23
on the photosynthetic capacity and the plants survival ability clearly requires a greater 24
understanding of browsing strategy across the canopy than can be given by a single index value. 25
 We developed stochastic models of leaf production, growth and consumption using data from 26
kamahi (Weinmannia racemosa) trees in New Zealand which have been browsed by possums 27
(Trichosurus vulpecula), to ascertain which of six feasible browsing strategies possums are most 28
likely to be employing. We compared the area distribution of real fallen leaves to model output in 29
order to select the best model, and used the model to predict the age distribution of leaves on the 30
tree and thus infer its photosynthetic capability. 31
The most likely browsing strategy that possums employ on kamahi trees is a preference for virgin 32
(i.e. previously unbrowsed) leaves, consistent with the idea that browsing increases the production 33
of chemical plant defences. More generally, our results show that herbivore browsing strategy can 34
significantly change the whole-plant photosynthetic capability of any plant and hence its ability to 35
survive, and therefore herbivore damage indices should be used in conjunction with more detailed 36
information about herbivore browsing strategy. 37
 38
Keywords: browsing strategy, photosynthesis, individual based model, leaf growth. 39
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1. Introduction 40
Plant growth, health and survival are closely related to photosynthetic capability being sufficient 41
to meet the needs of the plant (Taiz et al. 2015). The contribution of individual leaves to whole-42
plant photosynthetic capability changes with leaf age: photosynthetic rates and leaf nitrogen 43
content decline with leaf age while leaf mass per area (LMA) increases with leaf age (Kitajima et 44
al. 1997; Shirke 2001). The realised whole-plant photosynthetic rate is therefore not proportional 45
to total leaf area, but the relationship is one of diminishing returns explained well by a saturating 46
curve such as the logistic equation (Koyama and Kikuzawa 2009). To determine the whole plant 47
photosynthetic rate one must know more about the distribution of both the size and the age of the 48
individual leaves. 49
When plants are browsed by herbivores, their photosynthetic capability is compromised by loss of 50
leaf area, a process which occurs at the level of the individual leaf. However, to predict the 51
response of growth, health and survival of the plant, we must scale up the effect of damage on 52
individual leaves to the plant level (Brown and Allen 1989). It is therefore necessary to know not 53
only the rate of herbivore damage to plant leaf area as a whole, but also the pattern of damage; i.e. 54
the age of each damaged or undamaged leaf and its relative contribution to plant function. 55
Field data on herbivore browse damage is usually estimated at the level of the whole plant using 56
an index of the proportion of browsed leaves (e.g. Department of Conservation 2014), percentage 57
or total leaf area or stems removed (Hörnberg 2001; Parsons et al. 2005), or the frequency and 58
severity of missing and damaged foliage (Stone et al. 2003). However, leaves within plants vary 59
in palatability and nutritional value, meaning that susceptibility of leaves to herbivore browsing 60
changes with age and position on the plant. Young leaves vary in texture and nutrient constituents 61
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compared to older, thicker leaves (e.g. Roy and Barik 2012), while nitrogen content may be 62
correlated with leaf position (e.g. full sun vs. shade) (e.g. Kitajima et al. 2002). While leaf age has 63
a negative effect on photosynthetic capacity (Field et al. 1983; Kitajima et al. 1997), herbivore 64
preference for older or younger leaves, and the relative accessibility of older and younger leaves 65
to herbivores, may reduce or exacerbate this effect. Models used to predict community level 66
impacts of herbivore browsing clearly require more information about foraging strategies than 67
simple whole-plant browse indices.  68
One such case study of interest is the invasive brushtail possum, Trichosurus vulpecula (Kerr), 69
browsing native trees in New Zealand, causing enough damage to precipitate substantial tree 70
mortality at a regional scale (Gormley et al. 2012; Holland et al. 2013; Payton 2000).  In particular, 71
kamahi (Weinmannia racemosa) is a broadleaf evergreen tree endemic to, and common in, the 72
North and South Islands of New Zealand. It forms a significant, though not preferred, part of the 73
possums diet in many forest habitats (Nugent et al. 2000) and is commonly monitored as an index 74
of canopy condition due to its ubiquity across the country (Payton et al. 1997). Other more 75
preferred species such as Southern rata (Metersideros umbellata) and mistletoe (Loranthaceae) 76
suffer greater damage and mortality but have been removed from a number of areas as a result 77
(Rose et al. 1992; Sessions and Kelly 2001; Stewart and Rose 1988). Hence their use as predictors 78
is less widespread. 79
Kamahi continually produces new leaves throughout the growing season and the duration of 80
laminar leaf expansion is between one and two months (Green and Jane 1983). The leaves have a 81
lifespan of approximately 40 months though some leaves last over 120 months (Richardson et al. 82
2010). Holland et al. (2013) found that kamahi had a threshold leaf area such that browsing that 83
removed leaf area below the threshold rendered the tree vulnerable to death. Changing the 84
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browsing strategy, for example from a preference for virgin leaves to a preference for already 85
browsed leaves, could change the threshold leaf area at which a tree became vulnerable to browse-86
induced mortality by more than 20%. Understanding the way in which herbivores browse 87
individual trees is therefore clearly fundamental to being able to predict community impacts of 88
herbivore damage. 89
In this paper, we develop a generic model of leaf longevity on evergreen trees in order to estimate 90
the effect of different herbivore browsing strategies on individual leaves on the leaf area 91
distribution of the whole tree. We compare model output to browsed leaf fall data collected from 92
kamahi trees in New Zealand and infer what is the most likely strategy used by brushtail possums 93
browsing kamahi. We then use this model to predict the distribution of leaf ages and areas on a 94
whole tree and make predictions of the effect of possum browsing on photosynthetic rates. 95
2. Materials, Methods and Results 96
2.1 Data 97
1355 leaves were collected from seven leaf traps placed under six kamahi trees in the Tararuas 98
from August - November 2010. A single trap was placed under the canopy of each tree, and an 99
additional seventh trap was placed by the trunk of one tree. After collection, leaves were dried and 100
sorted into two categories: browsed by possums (relatively easily identified; Department of 101
Conservation 2014) and unbrowsed by possums. Individual leaf areas were measured using an 102
Epsom Expession 10000XL scanner and WinFOLIA 2012a software (Instruments). Leaf areas 103
ranged from 1  3738 mm2 with an average of 408 mm2. Overall 33% of the leaves showed some 104
evidence of browse, and 67% were unbrowsed. The mean area of an unbrowsed leaf was 524 mm2, 105
and the mean area of a browsed leaf was 185 mm2, i.e. approximately 1/3. 106
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Summary statistics for each leaf-fall trap are given in Table 1. There was no significant difference 107
(two-tailed t-test, logged variables) between the distribution of leaf areas collected from the two 108
traps (trunk, T20T, and canopy, T20C) under the same tree (݌ ൌ 	?Ǥ	?	?) so these two sub-datasets 109
were pooled. Two trees (T20(C and T) and T23) had relatively few (less than 16%) browsed leaves. 110
There was no significant difference (two-tailed t-test, logged variables) between these two trees in 111
either the browsed leaf area distribution (݌ ൌ 	?Ǥ	?	?ሻ and the unbrowsed leaf area distribution (݌ ൌ112 	?Ǥ	?	?). Together these trees were designated unbrowsed and the data from these two trees were 113
pooled.  114
The remaining four trees had at least 39% of leaves browsed. There was no significant difference 115
(ANOVA, two-tailed, logged variables) in the browsed leaf area distributions for three (T15, T19 116
and T19B) of these trees (݌ ൌ 	?Ǥ	?	?) and only a small difference in the unbrowsed leaf area 117
distributions (݌ ൌ 	 ?Ǥ	 ?	 ?), where the mean unbrowsed leaf area for each tree was 550 mm2, 520 118
mm2 and 621 mm2 respectively. When the fourth tree in this group (T22) was included in this 119
comparison it did show some significant differences, mainly resulting from the smaller size of 120
unbrowsed leaves from this tree compared to the other three. However, for simplicity, together 121
these trees were designated browsed and the data from these four trees were pooled. This pooled 122
data was used in all subsequent analyses. 123
2.2 Model Overview 124
We start by modelling leaf fall in the absence of browsing. The model parameters (mean and 125
variance of the area of a fully grown leaf) are found using basic statistical fitting methods on the 126
distribution of the areas of fallen leaves from the unbrowsed trees (pooled data). 127
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We then develop a dynamical model of individual leaf growth and mortality on a whole plant, with 128
parameters including leaf longevity and growth rate which can be estimated using previously 129
published data. This model is combined with a model for possum browse with unknown 130
parameters for relative possum browse rate and relative possum bite size. The two unknown 131
possum model parameters are found by fitting the model output (fallen leaf area distribution) to 132
the leaf area distributions from the browsed trees (pooled data). The model can be modified to test 133
a range of browsing strategies. We explored six: no preference, a preference for young, old or big 134
leaves, and a preference for previously browsed or virgin (never browsed) leaves. For each 135
browsing strategy the unknown parameters were fitted independently to the pooled browsed leaf 136
area distribution and the best fit solutions for each strategy were compared to find the most likely 137
strategy. 138
2.3 Predicting leaf area distribution – unbrowsed 139
Growing kamahi leaves pass through three distinct phases: budbreak; leaves developing; and 140
leaves developed (mature) (cf. Green and Jane 1983). Initial growth is moderately fast compared 141
to tawari (Ixerba brexioides) and silver beech (Lophozonia menziesii) (Stewart and Rose 1988) 142
and, because kamahi leaves have a long life span (in the order of 4 years; Richardson et al. 2010), 143
the majority of leaves are in their final mature phase where growth is minimal (Choinski Jr and 144
Gould 2010). The final size of a mature leaf can vary widely (Wardle and MacRae 1966). To 145
model the growth of an individual leaf, whilst on the plant, we used a simple von-Bertalanffy 146
growth model (Kot 2001). The rate of change of area of individual leaf ݅, ܣ௜ሺݐሻ is given by 147 ݀ܣ௜݀ݐ ൌ ݎሺܭ௜ െ ܣ௜ሻ 148
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where ݎ is the growth rate (assumed to be the same for all leaves on the plant) and ܭ௜  is the 149
maximum area of leaf ݅. Presuming the leaf starts with area 	? at time ݐ଴ the leaf area at time ݐ is 150 ܣ௜ሺݐሻ ൌ ܭ௜൫	? െ ൫െݎሺݐ െ ݐ଴ሻ൯൯Ǥ 151
The data describe the distribution of the area of fallen leaves only. We presumed that in the absence 152
of herbivore browse, leaves do not fall until they have reached their maximum size. Thus the 153
distribution of ܭ௜ equates to the distribution of the area of fallen leaves collected from the two trees 154
which were unaffected by browsing (see Fig 1). Three candidate distributions (gamma, log-normal 155
and Weibull) were tested to find which one best fitted the data. The Weibull distribution did not 156
provide a good fit (KS test ݌ ൏ 	 ?Ǥ	 ?	 ?) whereas the other two distributions did (KS test ݌ ൐ 	?Ǥ	?	?). 157
All three distributions have two parameters so were compared using log-likelihood (Lognormal 158 ܮ ൌ െ	?	?	?	?, Weibull ܮ ൌ െ	?	?	?	?, Gamma ܮ ൌ െ	?	?	?	?). The log-normal provided the best fit 159
with mean 543mm2 and standard deviation 387. 160
2.4 Predicting leaf area distribution – browsed 161
To predict the area of browsed leaves requires a more detailed knowledge of the life history of 162
each leaf. There is a seasonal component to both leaf production and fall in kamahi. Leaf 163
production begins in late winter (Wardle and MacRae 1966) but immature leaves are observed as 164
late as late summer (Choinski Jr and Gould 2010). Similarly leaf fall is highest in late summer but 165
occurs year round (Forsyth and Parkes 2005). Although we recognise that seasonal variations are 166
important the data collected do not reflect this as they were collected over a relatively short period. 167
For these reasons we start with a model that assumes constant leaf production through the year, 168
and new leaves with area 	? appear regularly with rate ߛ.  169
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Leaf longevity is governed by a senescence process (Chabot and Hicks 1982) so simple models 170
driven by a homogeneous Poisson process are inappropriate. Instead we use a heterogeneous 171
Poisson process where the mortality rate (i.e. the rate at which a leaf detaches from the plant) for 172
an individual leaf is zero for the first L0 months and constant thereafter. Hence the life span of a 173
leaf, ܮ, is a random variable described by a shifted exponential 174
ܲሺܮ ൌ ݐሻ ൌ ቐ 	 ? ݐ ൏ ܮ଴	?Ƚ  ቆെ 	?ߙ ሺݐ െ ܮ଴ሻቇ ݐ ൒ ܮ଴ Ǥ 175
Choosing ܮ଴ ൌ 	 ?	 ? months and ߙ ൌ 	 ? months gives an expected leaf life span of 40 months 176
(Richardson et al. 2010). By explicitly including leaf longevity in the model we allow for the 177
possibility of a single leaf being affected by multiple browse events before it falls. Note that to 178
comply with the previous assumption that a fallen unbrowsed leaf will be at its maximum size, the 179
growth rate ݎ must produce fast growth relative to the lifespan ܮ. In this case we choose ݎ ൌ 	?Ǥ	?	? 180
so a leaf reaches 90% of its maximum size after 45 days (Green and Jane 1983). 181
The model for possum browse assumes that browse events occur with mean rate ܰߛ per day, with 182
each browse event reducing the size of a single leaf. We presume that a browse event will decrease 183
the leafs area by some constant fraction ܤ, which is the relative possum bite size (i.e. possums 184
take smaller absolute-sized bites from smaller leaves). After a browse event a leaf has not only lost 185
part of its current area but has also reduced the maximum size it can reach by the same fraction ܤ 186
ܭ௜ ՜ ܭ௜ܤǤ 187
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An alternative browse model where browse events reduced the leaf area by a constant amount as 188
opposed to a fraction was also tested. The constant bite-size model gave very poor results in 189
comparison to the relative bite size that is presented. 190
The parameters ܰ and ߛ control the rate of possum browse events. At each time step (of length 191
one day) ߛ new leaves are produced (each with area zero) and there are ߣ leaf browse events where 192 ߣ is a Poisson deviate with mean ܰߛ. Note that the model does not make predictions about the 193
total number of leaves on a plant but only the distribution of leaf areas. By defining the rate of 194
browse events in conjunction with the leaf production rate, the leaf production rate can be chosen 195
arbitrarily (i.e. we do not need exact information about species-specific leaf growth rates), though 196
it must be large enough for relative numerical accuracy. We used ߛ = 20 which allows ܰ to be 197
estimated to within approximately 0.05. Other values of ߛ were tested and the results did not 198
change though the computational efficiency decreases as ߛ is increased. 199
To run the stochastic simulation we start with 10,000 leaves with maximum areas chosen from the 200
best-fit log-normal area distribution for unbrowsed leaves, and uniformly distributed initial areas 201
between zero and 10% of the maximum leaf area seen in the data (	?ܷሺ	?ǡ	?	?	?ሻ). Test simulations 202
were run with different initial conditions and the results were not affected provided enough leaves 203
were included in the simulation. Final simulations were run to a steady state where the change in 204
distribution was within the expected stochastic noise limits. Note that the model predicts two 205
separate distributions: the distribution of areas of fallen leaves and the distribution of areas of 206
leaves that are still attached to the tree. Allowing the unknown parameters to be normally 207
distributed with a CV of up to 10% did not substantially change the results but did increase the 208
computation time significantly. The total number of leaves at the end of the simulation depended 209
on both the choice of ߛ  and the initial number of leaves but this did not affect the leaf area 210
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distributions. Table 2 shows the parameter values and their estimates. The two unknown 211
parameters ܤ, the relative possum bite size, and ܰ, the relative browse rate, are estimated by fitting 212
the model prediction of fallen leaf area distribution to the pooled browsed tree data (including both 213
browsed and unbrowsed leaves from those trees). 214
Initially, we assume that possums have no preference for any type of leaf and all leaves (including 215
those that have been previously browsed) have an equal probability of being browsed. Extensive 216
numerical searches confirmed a single well-defined minimum set of parameter values (see for 217
example Fig 2, left panel). A search of the 2-dimensional unknown parameter space (ܤ and ܰ) 218
around this minimum shows that the root mean square error (RMSE) between the modelled fallen 219
leaf area cumulative distribution and the pooled browsed-tree leaf area data is minimised at ܤ ൌ220 	?Ǥ	?	?, and ܰ ൌ 	?Ǥ	?	?. Using definitions in Burnham et al. (2002) RMSE can be converted to an 221
AIC value. Figure 2 (left panel) shows the optimisation surface in parameter space which has a 222
well-defined minimum and the resulting best fit solution (right panel). If we assume a typical 223
kamahi tree of 20 cm DBH has approximately 4 kg of foliar mass from 30,000 leaves, with a 224
lifespan of approximately 2.5 years (~1000 days) this implies 30 new leaves per day. The best fit 225
parameter values estimate 20 (ൌ 	?	? כ 	?Ǥ	?	?) browse events per day. With a foraging strategy where 226
all leaves are equally likely to be browsed (i.e. some browse events will affect already browsed 227
leaves), approximately 52% of leaves on the plant will never be browsed during their life span, 228
34% will experience a single browse event at some point in their lifespan and the remaining leaves 229
will undergo two or more browse events (c.f. Poisson distribution with mean 	?Ǥ	?	?). The data show 230
that on a browsed tree almost 	?	?	? of fallen leaves were unbrowsed which is a reasonable match 231
to the model estimate in this case. 232
2.5 Browsing strategies 233
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With a plausible model to predict browsed and unbrowsed fallen leaf area distributions we 234
examined the effect of various leaf browsing strategies with a view to predicting the strategy most 235
likely used by possums. We present the results for six potential leaf browsing strategies 236
1. No preference  every leaf has an equal probability of being browsed. 237
2. Prefer big leaves  leaf browse probability is proportional to leaf area. 238
3. Prefer old leaves  leaf browse probability is proportional to leaf age. 239
4. Prefer young leaves  leaf browse probability is inversely proportional to leaf age. 240
5. Prefer virgin leaves  initially as per the no preference model, but once a leaf has been 241
browsed the probability of it being re-browsed is reduced by 90%. 242
6. Prefer browsed leaves  initially as per the no preference model, but once a leaf has been 243
browsed the probability of it being re-browsed is increased by 90%. 244
Again a search of the two-dimensional unknown parameter space (ܰǡ ܤ) was carried out for each 245
strategy to find the best fit values for ܰ and ܤ, which appeared at a clearly defined minimum. 246
Figure 3 shows the best fit fallen leaf area distribution for each strategy, corresponding parameter 247
values and RMSE. The strategy that gives the lowest RMSE is Prefer virgin leaves where a leaf 248
that has been browsed is much less likely to undergo a subsequent browse event. This strategy has 249
best fit parameter values ܰ ൌ 	?Ǥ	?	?, ܤ ൌ 	?Ǥ	?	?. The second best strategy No preference has a far 250
greater AIC value (Table 3, ȟܣܫܥ ൌ 	?	?	?ሻimplying that the virgin leaves strategy is significantly 251
more likely to have generated the data than any other strategy tested (Burnham et al. 2002). If this 252
were a simple Poisson process this would give an estimate that 62% of fallen leaves are unbrowsed. 253
However, as the leaf preference is now for unbrowsed leaves, i.e. not a memoryless Poisson 254
process, the proportion of unbrowsed fallen leaves must be taken from the simulation process. In 255
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this case 	?	?	? of fallen leaves were unbrowsed, which, as with the no preference strategy, is a 256
reasonable estimate of the data value of 	?	?	?. 257
2.6 Consequences for photosynthesis 258
The model predictions thus far have focussed on the area distribution of fallen leaves as found in 259
the data. However, the consequences of leaf area distribution on tree health depend on the 260
distribution of the area of leaves that are still attached to the tree. This distribution is harder to 261
measure and hence we have no comparative data, but it is available as a model output. Figure 4 262
shows the model predicted leaf area distributions for leaves on an unbrowsed tree  and a tree 263
browsed using the prefer virgin leaves strategy . The unbrowsed  and browsed  distributions of 264
the data for fallen leaf areas are shown for comparison.  It is interesting to note that on an 265
unbrowsed tree the distribution of fallen leaf areas  is similar to the distribution of leaf areas still 266
on the tree . However, for browsed trees the fallen leaf area distribution  is not a good estimate of 267
the area of leaves on the tree.  268
As our model predicts not only the area distribution of leaves upon the tree but also the age 269
distribution, we can use this information to make qualitative predictions of the effect of herbivore 270
browsing on the carbon uptake of a tree. Kitajima et al. (1997) found that 6-8 month old leaves 271
had 33-65% of the photosynthetic capacity per unit leaf area of 1-2 month old leaves. Leaf 272
photosynthetic rate therefore declines with age (cf. Field et al. 1983) and, we presume, is 273
proportional to leaf area. There is some argument that photosynthetic capacity is better related to 274
leaf mass (Givnish 1988), but we would expect there to be a close relationship between leaf mass 275
and leaf area. Leaf position also plays a role as photosynthetic rates positively correlate with light 276
availability (Kitajima et al. 2002). Relative depth in the canopy increases with age (e.g. Kitajima 277
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et al. 2002) therefore light availability will decrease. To capture these effects as simply as possible 278
we assume that the photosynthetic capacity of the ith individual leaf (Ȳ௜) decreases exponentially 279
over the leaf's life time at a rate such that a one year old leaf has very little capacity in comparison 280
to a new leaf: 281
Ȳ௜ ൌ ܮܣሺെߙܶሻǡ 282
where ܮܣ is leaf area, ܶ is leaf age and ߙ ൌ 	 ?Ǥ	 ?	 ? results in a reduction in photosynthesis (per unit 283
leaf area) to 1% after a year. Applying this relationship to the predicted distribution of leaves upon 284
the tree (age and area) gives a value of Ȳ௜ for each individual leaf, and an overall value of Ȳ ൌ285 ܧሺȲ௜ሻ for an entire tree. 286
We define Ȳ଴ as the baseline photosynthetic capacity of an unbrowsed tree. This can be calculated 287
using the simulation results from an unbrowsed tree. We then calculate the expected relative 288
change in photosynthetic capacity as ȟȲ ൌ ȲȀȲ଴  for each browsing strategy at the best fit 289
parameter values found previously. A browsing preference for young leaves results in the biggest 290
expected drop in both leaf area and photosynthesis rate compared to the unbrowsed state (Figure 291
5 and Table 3). Conversely a preference for previously browsed leaves has only a minimal effect 292
on photosynthesis but results in a large drop in leaf area as these leaves have already lost most of 293
their photosynthetic capability before they are browsed. 294
 295
 296
3. Discussion 297
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It is possible to estimate long term carbon gain of a plant with knowledge of leaf longevity, the 298
effect of leaf area on photosynthetic capacity, and the leaf population on the plant (Kitajima et al. 299
1997; Kitajima et al. 2002). However, under herbivore browsing pressure, we have shown that it 300
is also necessary to understand how herbivores browse individual leaves within a single plant, as 301
this affects photosynthetic capacity of the whole plant via both leaf area distribution and leaf 302
longevity.  303
Our results suggest that possums may have a targeted browsing strategy on kamahi trees, with the 304
only model to predict observed browsing on fallen leaves better than the null 'no preference' model 305
being a preference for browsing virgin leaves, i.e. leaves that have not been browsed previously. 306
The virgin leaf preference gives credence to the idea that kamahi leaves that have been browsed 307
may undergo changes in chemical composition rendering them less palatable in future. This is a 308
common trait in many plants as a result of coevolution of plant and herbivore populations (Freeland 309
and Janzen 1974) and some plants are even able to produce chemical defences, or plant secondary 310
metabolites (PSMs), on short time scales and in response to browsing on their neighbours as well 311
as themselves (Appel and Cocroft 2014). However, even these short time scales are unlikely to be 312
as short as a single browse event. There may be other reasons for a preference for unbrowsed 313
leaves, for example the predicted size of a browse event reduced the leaf area by 70% so browsed 314
leaves may be too small to be worth eating or the remaining  leaf area may be unpalatable. Whether 315
possums actually use this strategy could be tested using captive possums offered kamahi leaves, 316
or by monitoring the pattern of leaf removal from kamahi trees browsed by wild possums. 317
The results noted that on an unbrowsed tree the distribution of fallen leaf areas is similar to the 318
predicted distribution of leaf areas still on the tree. This suggests that for trees such as kamahi, 319
which have leaves that grow quickly to their final size, the leaf area distribution of fallen leaves 320
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may serve as a useful proxy for the actual area distribution of leaves on an unbrowsed tree. This 321
theory could be tested with observations. Conversely, on browsed trees the leaf area distributions 322
for fallen leaves and on-tree leaves are different. This suggests that leaves are not browsed 323
predominantly at the start of their natural life span. Again this would need observational evidence 324
to be confirmed. 325
The effect of heterogeneous resources on herbivore populations has been well studied: specific 326
examples include to assess how differences in palatability between individual trees influences 327
foraging behaviour (Moore et al. 2010) and how nutritional variation in diet affects reproductive 328
fitness (DeGabriel et al. 2009) while Provenza et al. (2003) provide extensive insight into the 329
relationship between herbivore foraging, diet and PSMs. The vast majority of work in this area 330
considers herbivores as individuals but plants as patches (e.g. biomass or individual plants) (e.g. 331
DeMay et al. 2014; McArthur et al. 2014; Shaffer 2014) between which herbivores may move in 332
order to maximise energy or nutritional intake, or to minimize (or evolve resistance to) toxins 333
(Speed et al. 2015). However, the distribution of herbivory within plant individuals is not usually 334
considered (although see Lambdon and Hassall 2005). There is indeed wide variation between 335
individual kamahi trees' browsing history and inferred palatability (see Gormley et al. 2012; 336
Holland et al. 2013). Our study suggests that acknowledging variation among individuals is not 337
enough. If differences that drive foraging patterns occur within tree canopies, targeted browsing 338
may have a significant effect on the ability of the individual tree to photosynthesize, with knock-339
on effects to individual and population level tree mortality. For example, our models demonstrate 340
that a preference for browsing young leaves substantially reduces whole-tree photosynthetic 341
capacity relative to a preference for old leaves. There is little published research on differences in 342
palatability within individual tree canopies, for kamahi or any other species. Nonetheless, it would 343
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
be worth including as part of a sensitivity analysis where models must make an assumption about 344
how herbivore browsing removes leaf matter from a plant.  345
The second best fitting models were for no browsing preference, and for browsing preference for 346
young and old leaves, which all had significantly higher AIC values (Table 3). The effect of these 347
three browsing strategies on photosynthesis rates is very similar, i.e. it reduces photosynthesis by 348
around 3 or 4 %. Except for the strategy to browse on young leaves, this has a much more 349
substantial effect and reduces photosynthesis by almost 25%. This is due to the photosynthesis rate 350
decreasing strongly with leaf age. 351
Like any model ours is a simplification of the real world. Possibly the greatest limitation here is 352
that browsing might cause leaves to fall off sooner as intimated by Palacio et al. (2013). This 353
limitation could be tested with a long-term feeding study. However, as photosynthetic capacity in 354
the model drops so steeply with age we believe including this effect would make very little 355
difference to the overall photosynthesis level though it could feasibly affect leaf area distributions. 356
Another limitation is that there is some evidence that that young and old leaves are less 357
photosynthetically efficient than mature leaves (Shirke 2001). This is not included in the model 358
specifically, but it is implicit that young leaves are smaller and old leaves are larger, so the 359
photosynthetic capacity of a whole leaf will initially rise as the leaf grows before falling due to the 360
loss of synthetic capacity. Hence, this effect is captured albeit not explicitly. Given the apparent 361
preference of possums for virgin leaves shown in our results, an extension of the model could also 362
include a spatial element, with a preference for or against leaves close to those that have already 363
been browsed. This would allow for the likely tendency of herbivores to remain stationary for a 364
time while browsing leaves within reach, but also incorporate the potential for leaves closer to the 365
most recent damage to respond by producing chemical defenses (cf. Appel and Cocroft 2014). 366
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A potential flaw in this study is the assumption that fallen leaves provide an adequate 367
representation of leaves upon the tree, in particular fallen leaves from trees that have been browsed 368
by possums. In some plants, for example Schefflera digitata and some Pseudopanax species, 369
possums tend to eat the petiole and very little of the leaf itself (Nugent et al 2000). For these species 370
a browsing event results in a fallen leaf. However, examples of browsed kamahi leaves in the 371
Foliar Browse Index field manual (Department of Conservation 2014) indicate that possums eat 372
from the leaf tip downwards, but not the stem or central area. In this case the leaf remains on the 373
tree and will fall in a more natural way. It would be unlikely there was no detritus even from a leaf 374
that has been almost entirely eaten. To fully confirm this assumption, captive feeding studies and 375
more field observations would be useful. 376
Clearly, the within-plant browsing strategy of a herbivore can change the ability of the plant to 377
survive, if not completely then indirectly by reducing the plant's photosynthetic capacity and hence 378
resilience to other disturbances. This is of concern for maintaining biodiversity and potentially for 379
carbon assimilation mediating global warming, and underlines the point that a simple index of leaf 380
area cannot be used alone to predict resilience at an individual plant, community or ecosystem 381
level. 382
 383
Data Availability 384
Upon publication data from this study will be available via the Landcare Research data archive. 385
 386
  387
19

References 388
AppelH,CocroftR(2014)PlantsrespondtoleafvibrationscausedbyinsectherbivorechewingOecologia389
175:1257 ?1266390
BrownB,AllenT(1989)TheimportanceofscaleinevaluatingherbivoryimpactsOikos:189 ?194391
BurnhamKP,AndersonDR,BurnhamKP(2002)Modelselectionandmultimodel inference:apractical392
information ?theoreticapproach.2ndedn.Springer,NewYork393
ChabotBF,HicksDJ(1982)TheecologyofleaflifespansAnnualReviewofEcologyandSystematics:229 ?394
259395
Choinski Jr J,GouldK (2010) Immature leavesofWeinmannia racemosaaremoreheat tolerant than396
matureleavesbasedondifferencesinchlorophyllafluorescenceandsoluteleakageNewZealand397
JournalofBotany48:163 ?177398
ColeyPD(1980)Effectsofleafageandplantlifehistorypatternsonherbivory399
DeGabrielJL,MooreBD,FoleyWJ,JohnsonCN(2009)Theeffectsofplantdefensivechemistryonnutrient400
availabilitypredictreproductivesuccessinamammalEcology90:711 ?719401
DeMaySM,RoonDA,RachlowJL,CisnerosR(2014)SelectiveforagingonbromeliadsbyAndeanbearsin402
theEcuadorianpáramoUrsus25:139 ?147403
DepartmentofConservation (2014)TheFoliarBrowse Index fieldmanual.Anupdateofamethod for404
monitoringpossum (Trichosurusvulpecula)damage to forest communities.Christchurch,New405
Zealand406
Field C, Merino J, Mooney HA (1983) Compromises betweenwater ?use efficiency and nitrogen ?use407
efficiencyinfivespeciesofCaliforniaevergreensOecologia60:384 ?389408
ForsythDM,ParkesJP(2005)Browseonmahoeandkamahileaf ?fallasatriggerforpossumcontrolNew409
ZealandJournalofEcology29:311 ?320410
Freeland WJ, Janzen DH (1974) Strategies in herbivory by mammals: the role of plant secondary411
compoundsAmericanNaturalist:269 ?289412
GivnishTJ(1988)Adaptationtosunandshade:awhole ?plantperspectiveFunctionalPlantBiology15:63 ?413
92414
GormleyAM,HollandEP,PechRP,ThomsonC,ReddiexB (2012) Impactsofan invasiveherbivoreon415
indigenousforestsJournalofAppliedEcology49:1296 ?1305416
Green T, Jane G (1983) Changes in osmotic potential during bud break and leaf development of417
Nothofagusmenziesii,Weinmannia racemosa,Quintiniaacutifolia,and IxerbabrexioidesNew418
ZealandJournalofBotany21:391 ?395419
HollandEP,PechRP,RuscoeWA,ParkesJP,NugentG,DuncanRP(2013)Thresholdsinplant ?herbivore420
interactions:predictingplantmortalityduetoherbivorebrowsedamageOecologia172:751 ?766421
doi:10.1007/s00442 ?012 ?2523 ?5422
HörnbergS(2001)Changesinpopulationdensityofmoose(Alcesalces)anddamagetoforestsinSweden423
Forestecologyandmanagement149:141 ?151424
HueKT,DoThiThanhVanIL,WredleE,SpörndlyE(2012)Effectofharvestingfrequency,varietyandleaf425
maturityonnutrient composition,hydrogen cyanide content and cassava foliage yieldAsian ?426
Australasianjournalofanimalsciences25:1691427
InstrumentsR.http://www.regentinstruments.com/assets/winfolia_software.html.2012428
KhazaalK,MarkantonatosX,NastisA,ØrskovE(1993)Changeswithmaturity infibrecompositionand429
levelsofextractablepolyphenolsinGreekbrowse:effectsoninvitrogasproductionandinsacco430
drymatterdegradationJSciFoodAgr63:237 ?244431
KitajimaK,MulkeyS,WrightS(1997)Declineofphotosyntheticcapacitywithleafageinrelationtoleaf432
longevitiesforfivetropicalcanopytreespeciesAmericanJournalofBotany84:702 ?702433
20

KitajimaK,MulkeySS,SamaniegoM,WrightSJ(2002)Declineofphotosyntheticcapacitywithleafage434
andpositionintwotropicalpioneertreespeciesAmericanJournalofBotany89:1925 ?1932435
KotM(2001)Elementsofmathematicalecology.CambridgeUniversityPress436
KoyamaK,KikuzawaK (2009) Iswhole ?plantphotosynthetic rateproportional to leafarea?A testof437
scalingsandalogisticequationbyleafdemographycensusTheAmericanNaturalist173:640 ?649438
LambdonP,HassallM(2005)Howshouldtoxicsecondarymetabolitesbedistributedbetweentheleaves439
ofafast ?growingplanttominimizetheimpactofherbivory?FunctEcol19:299 ?305440
McArthurC,BanksPB,BoonstraR,ForbeyJS(2014)Thedilemmaofforagingherbivores:dealingwithfood441
andfearOecologia176:677 ?689442
MooreBD,Lawler IR,Wallis IR,BealeCM,FoleyWJ (2010)Palatabilitymapping:akoala'seyeviewof443
spatialvariationinhabitatqualityEcology91:3165 ?3176444
NugentG, Sweetapple P, Coleman J, Suisted P (2000) Possum feeding patterns: dietary tactics of a445
reluctant folivore The brushtail possum: biology, impact andmanagement of an introduced446
marsupial:10 ?23447
PalacioS,HesterA,MaestroM,MillardP(2013)Simulatedbrowsingaffectsleafsheddingphenologyand448
litterqualityofoakandbirchsaplingsTreephysiology:tpt023449
ParsonsK,QuiringD,PieneH,MoreauG (2005)Relationshipbetweenbalsam fir sawflydensity and450
defoliationinbalsamfirForestecologyandmanagement205:325 ?331451
PaytonI(2000)DamagetonativeforestsThebrushtailpossum:biology,impactandmanagementofan452
introducedmarsupialManaakiWhenuaPress,Lincoln,NewZealand:111 ?125453
Payton I, Forester L, Frampton C, ThomasM (1997) Response of selected tree species to culling of454
introducedAustralianbrushtailpossumsTrichosurus vulpecula atWaipoua Forest,Northland,455
NewZealandBiolConserv81:247 ?255456
ProvenzaFD,VillalbaJJ,DzibaL,AtwoodSB,BannerRE(2003)Linkingherbivoreexperience,varieddiets,457
andplantbiochemicaldiversitySmallruminantresearch49:257 ?274458
RichardsonSJ,PeltzerDA,AllenRB,McGloneMS (2010)Declining soil fertilitydoesnot increase leaf459
lifespan within species: evidence from the Franz Josef chronosequence, New Zealand New460
ZealandJournalofEcology34:306 ?310461
RoseA,PekelharingC,PlattK(1992)Magnitudeofcanopydiebackandimplicationsforconservationof462
southern rata ?kamahi (Metrosideros umbellata ?Weinmannia racemosa) forests, central463
Westland,NewZealandNewZealandJournalofEcology:23 ?32464
RoyN,BarikA (2012)The impactofvariation in foliarconstituentsofsunflowerondevelopmentand465
reproduction of Diacrisia casignetum Kollar (Lepidoptera: Arctiidae) Psyche: A Journal of466
Entomology2012467
SessionsLA,KellyD(2001)Heterogeneityinvertebrateandinvertebrateherbivoryanditsconsequences468
forNewZealandmistletoesAustralEcology26:571 ?581469
ShafferCA (2014)Spatial foraging in free rangingbearded sakis:Traveling salesmenor Lévywalkers?470
Americanjournalofprimatology76:472 ?484471
ShirkeP (2001)Leafphotosynthesis,darkrespirationand fluorescenceas influencedby leafage inan472
evergreentree,ProsopisjulifloraPhotosynthetica39:305 ?311473
SpeedMP,FentonA, JonesMG,RuxtonGD,BrockhurstMA (2015)Coevolutioncanexplaindefensive474
secondarymetabolitediversityinplantsNewPhytol475
Stewart G, Rose A (1988) Factors predisposing rata ?kamahi (Metrosideros umbellata ?Weinmannia476
racemosa)foreststocanopydieback,Westland,NewZealandGeoJournal17:217 ?223477
StoneC,MatsukiM,CarnegieA(2003)Pestanddiseasemanagementinyoungeucalyptplantations:field478
manualforusingtheCrownDamageIndex.NationalForestInventory,BureauofRuralSciences,479
Canberra480
21

Taiz,L,Zeiger,E,Møller,IM,&Murphy,A(2015)Plantphysiologyanddevelopment.SinauerAssociates,481
Incorporated482
Wardle P, MacRae A (1966) Biological Flora of New Zealand: 1. Weinmannia Racemosa Linn.483
F.(Cunoniaceae).KamahiNewZealandJournalofBotany4:114 ?131484
ZhangHetal.(2013)Samplingdate, leafageandrootsize: implications forthestudyofplantC:N:P485
stoichiometryPLoSONE8:e60360486
487
  488
22

 489
Figure 1: A lognormal distribution (red dashed line) provides the best fit to the fallen leaf area 490
distribution from unbrowsed trees (black solid line).  491
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
 492
Figure 2: The best fit solution using the eat anything strategy. The optimisation surface (left 493
panel) has a well-defined minimum (dark area) at the best fit solution. The corresponding best fit 494
fallen leaf area distribution (right panel, solid line) is a good fit to the browsed tree leaf area data 495
(dot-dash line). The data from unbrowsed trees are shown for comparison (dash line). 496
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 497
Figure 3: The best fit solutions for the six browsing strategies. Each panel shows the cumulative 498
density function for the browsed tree fallen leaf area distribution data (dot-dash line), the best fit 499
solution for that browsing strategy (solid line) and the data from unbrowsed trees (dash line) for 500
comparison. Also given are the best fit parameter values ܤ and ܰ and the root-mean-square-error 501
(RMSE) for the solution. The strategy with the best fit, i.e. lowest RMSE, is the preference for 502
virgin (unbrowsed) leaves.  503
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 504
Figure 4: The predicted distributions of the area of leaves remaining on a tree. The black dotted 505
line shows the leaf area distribution for an unbrowsed tree. The solid black line shows the 506
distribution of leaf areas on a browsed tree where the preference is for virgin (unbrowsed) leaves. 507
The data distributions for area of fallen leaves (red, dot-dash browsed trees, blue dash unbrowsed 508
trees) are shown for comparison.   509
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 510
Figure 5: A comparison of the effect of the different browsing strategies on leaf area and 511
photosynthesis. The 1:1 line (grey dashes) indicates a proportional reduction of photosynthesis and 512
leaf area. Each strategy is simulated at the best fit parameter values particular to that strategy. 513
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Tree Number of 
leaves 
Fraction 
Browsed 
Leaf Areas Mean (std) (mm2) 
Browsed Unbrowsed 
T15 233 0.39 217 (165) 550 (360) 
T19 244 0.45 173 (116) 520 (291) 
T19B 200 0.40 208 (134) 621 (311) 
T20C 88 0.16 218 (150) 447 (218) 
T20T 176 0.14 194 (174) 555 (335) 
T22 250 0.51 148 (99) 355 (235) 
T23 164 0.04 302 (142) 572 (380) 
All  1355 0.33 185 (134) 524 (327) 
All Browsed trees  
(T15, T19, T19B, T22) 
927 0.44 182 (130) 512 (318) 
All Unbrowsed trees  
(T20T, T20C, T23) 
428 0.10 216 (163) 540 (337) 
 514
Table 1: Summary tree statistics. Rows in italics represent trees designated as unbrowsed. 515
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Parameter Notation Source Value Notes 
Leaf growth rate ݎ Green 1983 0.05 day-1 Leaves grow to 90% 
of full size in 45 days. 
Relative browse 
rate 
ܰ Estimated from 
fitting to browsed 
data. 
~ 0.35  0.9 Defined as a multiple 
of the production rate. 
Changes with browse 
model. 
Mean maximum 
leaf area 
ܧሺܭ௜ሻ Estimated from 
fitting to 
unbrowsed data. 
543 mm2  
Standard 
deviation of 
maximum leaf 
area 
ߪሺܭ௜ሻ Estimated from 
fitting to 
unbrowsed data. 
387 mm2  
Relative possum 
bite size 
ܤ Estimated from 
fitting to browsed 
data. 
~ 0.5  0.8 Changes with browse 
model. 
Minimum leaf 
longevity 
ܮ଴ Richardson et al. 
(2010) 
1060 days  
(35 months) 
 
Expected leaf 
lifespan 
ܮ଴ ൅ ߙ Richardson et al. 
(2010) 
1220 days  
(40 months) 
 
Leaf production 
rate 
ߛ For numerical 
purposes only. 
10  
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Table 2: Model parameters used to explore the effect of possum browsing on the photosynthetic 517
capability of kamahi.  518
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Strategy ܰ ܤ ଵ଴  
RMSE 
ȟAIC Fraction 
of leaves 
unbrowse
d 
ܧሺܮܣሻ ȟ ȟȲ 
No Browse 0 0 -- -- 0 534.6 1 1 
No preference 0.65 0.59 -2.09 228 0.49 438.0 0.82
4 
0.95
0 
Prefer big leaves 0.34 0.81 -1.78 1549 0.52 432.2 0.79
8 
0.96
3 
Prefer old leaves 0.67 0.58 -2.06 345 0.67 469.0 0.87
0 
0.97
2 
Prefer young leaves 0.65 0.61 -2.07 292 0.52 380.9 0.71
1 
0.77
2 
Prefer virgin leaves 0.47 0.70 -2.14 0 0.52 434.5 0.81
8 
0.95
1 
Prefer browsed leaves 0.90 0.48 -2.00 598 0.55 443.7 0.82
7 
0.97
1 
 519
Table 3: Model specific parameter values, best fit root-mean-square-error and corresponding 520
change in AIC for each browsing strategy. The effect of different browsing strategies on the 521
expected area of an individual leaf and the expected relative photosynthesis. 522
